[1] High-frequency measurements of water vapor (q) and carbon dioxide (c) concentrations were collected over the course of a transition from dry to wet surface conditions in an agricultural setting on the eastern shore of Virginia. Daytime correlation coefficients between q and c were close to À1 during the dry conditions but became degraded during the wet conditions. An application of wavelet analysis to the highfrequency time series showed that the degraded q-c correlations on the wet day were mainly caused by the influence of large-scale eddies, which introduced positively correlated q-c components to the half-hour time series. Consistent differences in q-c correlation were also observed for smaller eddy scales, which are more indicative of the surface-atmosphere exchange. Correlations between q and c for this range of eddy scales were likewise closer to À1 for dry conditions, when transfer efficiencies of both scalars exhibited greater similarity. These correlations are influenced by the nonidentical source-sink distributions of the water vapor and carbon dioxide fluxes and the relative magnitude of their constituent fluxes. A new method is introduced to estimate the components of the water vapor flux (transpiration and direct evaporation) and carbon dioxide flux (photosynthesis and respiration) by applying flux variance similarity assumptions separately to the stomatal and the nonstomatal exchange and by considering q-c correlation. Water use efficiency for the vegetation, and how it varies with respect to vapor pressure deficit, is the only input needed for this approach that uses standard eddy covariance measurements. Reasonable estimates yielded by this technique when applied to the contrasting wet and dry days demonstrate its potential for flux partitioning.
Introduction
[2] High-frequency measurements of water vapor and carbon dioxide concentrations are now collected on a widespread basis with the implementation of the eddy covariance method, used to quantify fluxes in the atmospheric surface layer. Gas analyzers measure concentrations of water vapor and carbon dioxide simultaneously by infrared absorption, thus making it possible to monitor the turbulence-driven dynamics of these two scalars at a single position in space. According to Monin-Obukhov similarity theory (MOST) [Monin and Obukhov, 1954] , scalar statistics for a particular height within a horizontally homogenous atmospheric surface layer are governed by the magnitude of the surface fluxes, the surface shear stress, and the buoyancy properties of the atmospheric turbulence. An implication of MOST is that scalar time series measured at the same position should exhibit perfect correlation [Hill, 1989] . Departures from this theoretical expectation, which are inevitably present in field data, can be caused by the violation of one or more assumptions that underlie MOST (although such departures do not necessarily imply violation of flux-profile similarity [Katul and Hsieh, 1999] ). Here, we characterize the factors that can degrade the correlation between water vapor and carbon dioxide, and present a method to estimate the separate components of their landatmosphere fluxes by way of correlation-based arguments.
[3] Scalar correlation in the atmospheric surface layer has mainly been investigated within the context of flux variance similarity theory, with a focus on temperature (T) and water vapor concentration (q) time series [e.g., Bink and Meesters, 1997; Hsieh, 1997, 1999; De Bruin et al., 1999; Lamaud and Irvine, 2006] . The correlation coefficient between T and q, r T,q , has commonly been used to evaluate the degree to which these two scalars conform to flux variance similarity, which would have an expected value of r T,q = 1. A primary cause of T-q dissimilarity is the fact that temperature plays an active role in atmospheric turbulence through its effect on buoyancy, while this effect from water vapor is minimal and is thus considered to be a passive scalar. During unstable conditions, for example, the transport efficiency for T is greater than that for q, thereby reducing the degree of correlation between these two scalars . As summarized in De Bruin et al. [1999] , other factors that can lead to reduced correlation between T and q include nonsteadiness of the time series [McNaughton and Laubach, 1998 ], the influence of entrainment [Mahrt, 1991; Roth and Oke, 1995] , and the impact of land surface heterogeneity Andreas et al., 1998 ]. This last factor refers to horizontal variations in the source/sink distributions for T and q, the presence of which leads to their decreased temporal correlation within the atmospheric surface layer during advective conditions.
[4] Water vapor and carbon dioxide concentration (c) flux variance similarity is subject to the same potential impediments that are encountered for T-q flux variance similarity, the exception being that both q and c behave as passive scalars. Correlation approaches used to evaluate q-c similarity have been around for some time, but these findings have not been developed nearly to the extent as those for T-q similarity. Previous studies include Ohtaki [1985] , who showed with spectral coherency analysis that q and c exhibited similar behavior over a range of frequencies for turbulence data measured over a wheat field. Ruppert et al. [2006] applied spectral analysis to measurements made over a variety of vegetated surfaces, and found that q and c were better correlated at high frequencies compared with lower frequencies. Williams et al. [2007] applied wavelet analysis to q-c time series collected over a forest canopy, and found that canopy senescence led to degradation of the q-c correlation over all frequencies. This was attributed to enhanced surface heterogeneity upon leaf fall in the mixed hardwood deciduous and coniferous forest.
[5] Another cause of reduced q-c correlation was noted by Scanlon and Albertson [2001] using data collected over a managed loblolly pine section of Duke National Forest, in North Carolina. During daytime hours the vegetationatmosphere exchange was dominated by foliar processes, namely the simultaneous uptake of carbon dioxide through photosynthesis and release of water vapor through transpiration, jointly regulated by stomatal aperture. With the canopy serving as a sink for c and a source for q, this resulted in r q,c being close to À1. What drove this correlation away from À1 was the presence of positively correlated ejections that emerged from the subcanopy air space. These intermittent ejections were enriched in both c (from respiration) and q (from evaporation), and were associated with eddies with diameters of approximately one-half the canopy height. Occurrence of these ejections, which degrade the negative correlation between q and c, was found to be proportional to the production of turbulent kinetic energy above the canopy. In this case and in others where the vegetation was fairly homogeneous in a horizontal sense [e.g., Cava et al., 2008; Thomas et al., 2008] , the vertical heterogeneity and spatially distinct distributions of source/sinks for q and c were more significant in reducing the degree of q-c correlation. Such venting of the subcanopy air space must occur to some extent for low-profile vegetation, such as that considered in the current study, but it would be expected to be less intermittent and coherent compared to that for closed forest canopies.
[6] Whether the heterogeneity is horizontal or vertical (or both), there exists a spatial separation between the stomatally regulated sources/sinks (i.e., transpiration and photosynthesis) and the nonstomatal sources/sinks (i.e., direct evaporation and respiration) that results in differential transport from the canopy sublayer to the atmospheric surface layer. One way to think of this is the following: During hypothetical daytime conditions when only transpiration and photosynthesis are present, r q,c = À1 (assuming no influence from entrainment or nonstationarity), since their source/sink locations are identical. Direct evaporation and respiration can be viewed as ''contamination'' on the qc time series, which degrades their correlation. The magnitude of this degradation depends upon the relative strength of the individual flux components as well as the degree of correlation among these components. According to this conceptual model, r q,c may be indicative of how much transpiration and direct evaporation contribute to the total water vapor flux, and how much photosynthesis and respiration contribute to the total carbon dioxide flux.
[7] The specific objectives of our research are (1) to characterize how r q,c is affected by differential status of water availability at the land surface, (2) to identify, with spectral analysis, the factors that lead to reduced correlation between q and c, and (3) to use r q,c and flux variance similarity assumptions to estimate the separate contributions to water vapor and carbon dioxide fluxes. Field measurements are used to demonstrate the concepts and theory that can be applied to other settings where the vegetation may be considered uniform with respect to its plant-level water/ carbon dioxide exchange characteristics.
Methods

Field Methods
[8] Eddy covariance data were collected in an agricultural area located on Delmarva Peninsula, near the town of Cheriton, Virginia. A tripod tower was temporarily deployed on the lawn of the Virginia Coastal Reserve Long-Term Ecological Research (VCR-LTER) research facility, located inland and surrounded on all sides by agricultural fields. The lawn immediately surrounding the tower extended approximately 40 m from the tower base toward the northwest, in line with the orientation of the three-dimensional sonic anemometer (CSAT3, Campbell Scientific), and 20 and 40 m in the transverse direction relative to the anemometer. The eddy covariance instruments, which also included an open-path CO 2 /H 2 O analyzer (LI-7500, Licor), were mounted at a height of 3.4 m. Fetch associated with the agricultural fields surrounding the tower and lawn was no less than 700 m in all directions. Flux footprint analysis [Hsieh et al., 2000] indicates that the portion of flux originating from the agricultural fields ranged from 31 to 86%. Flux data were discarded when the wind direction was from the southeast sector because of potential interference from both the tower and the research facility.
[9] Density fluctuations measured at a high frequency by the gas analyzer are influenced by external factors such as temperature and water vapor, as accounted for in flux calculations by the Webb et al. [1980] correction [Massman and Tuovinen, 2006] . Therefore, to apply spectral analysis and higher-order statistics to the measured water vapor and carbon dioxide time series, corrections for these factors were required. Our approach involved applying the expressions developed by Detto and Katul [2007] to the original high-frequency concentration time series, prior to all analyses.
[10] Eddy covariance data were collected and stored at a 10-Hz frequency over a period between late March and early April 2006. March was an exceptionally dry month with only 3.4 mm of rainfall; these dry conditions were alleviated by a rainfall of 13.1 mm that occurred on 3 April 2006. The analysis presented here focuses on the transition between the prestorm (2 April) dry conditions to the poststorm (4 April) wet conditions, and how q-c correlation was affected. During the time period of the experiment, the agricultural fields were vegetated with native cover crop and wheat stubble, which had an estimated mean profile height of 0.14 m and a calculated momentum roughness height of 0.068 m. Shortly following the termination of the eddy covariance data collection on 5 April, the fields were prepared for the planting of corn. 2.2. Analytical Methods 2.2.1. Wavelet Analysis
[11] We apply orthonormal wavelet analysis to the highfrequency time series as a means of determining how q-c correlation, water use efficiency, and scalar transfer efficiency vary across scales of turbulent eddies. The objective of this analysis is to identify the impact of large-scale (i.e., entrainment effects, nonstationarity) versus small-scale (i.e., surface source/sink distribution) effects on these measures of water vapor and carbon dioxide transport. A detailed overview of wavelet analysis is not provided here as such descriptions can be found elsewhere in the literature [e.g., Foufoula-Georgiou and Kumar, 1994; Katul and Parlange, 1995; Scanlon and Albertson, 2001] . Half-hour time periods between 9:00 A.M. and 5:00 P.M. local time on 2 April and 4 April are used in the analysis, all of which correspond to unstable conditions. We use the Haar wavelet, applied to the first 27.31 min (À2 14 samples) of the individual halfhour time series to take advantage of the efficiency of the orthonormal wavelet transform. Wavelet-derived frequency was converted to eddy diameter (D) using Taylor's [1938] frozen turbulence hypothesis by the following relationship:
where m is the wavelet level (ranges from 1 to 14), u c is the convective velocity, and f s is the measurement frequency (10 Hz, in this case). Convective velocity is estimated from the mean horizontal wind velocity, u, according to u c = 1.8 u [Finnigan, 1979; Shaw et al., 1995] . Originally derived for neutral conditions, this estimate of u c is a reasonable (albeit rough) approximation for unstable conditions [Brunet and Irvine, 2000] , as encountered in the present study.
[12] At each wavelet level m there are 2 14Àm wavelet coefficients, WC, which can be analyzed for relationships between scalars in a manner similar to that for untransformed scalar time series. Wavelet analysis provides additional information with regard to how these relationships vary according to scale. We calculate the correlation coefficient between q and c at scale m, r q,c m , as 
where WC m0 q WC m0 c is the covariance between the wavelet coefficients of q and c at level m, and s WCq m and s WC c m are the standard deviations of the wavelet coefficients for q and c, respectively. A useful feature of wavelet analysis is that the original time series can be reconstructed using the wavelet coefficients from each level m. We examine how r q,c is influenced by scale-specific information by reconstructing the q and c time series starting with highfrequency (m = 1) information and progressively adding lower and lower frequency information. This analysis is performed to determine which scales are most significant in influencing the final value of r q,c .
[13] Another measure of q and c transport is ecosystem water use efficiency, WUE e m , which is defined as the ratio of the carbon dioxide flux (with components of photosynthesis and respiration) to the water vapor flux (with components of transpiration and direct evaporation). This is calculated as where WC m0 w WC m0 c is the covariance between the wavelet coefficients for vertical wind speed, w, and c, WC m0 w WC m0 q is the same for w and q, and r m WC w , WCq and r m WC w , WCc are the correlation coefficients for the scalar concentrations and vertical wind speed. These latter quantities describe the efficiencies by which these scalars are transferred [Roth and Oke, 1995] ; conformation to flux variance similarity requires these two efficiencies to be identical. A measure of the relative transfer efficiency, l, expressed in wavelet form is which is an adaptation of the relative efficiency measure originally derived for heat and water vapor [McBean and Miyake, 1972] . [14] In this section, we develop a procedure to partition the measured fluxes into their separate biophysical components. We do this by first exploring the implications of flux variance similarity assumptions applied to the stomatal and nonstomatal components of these fluxes. We then assemble the resulting equations into a single relationship with two unknown parameters, and show how r q,c can be used to establish unique solutions for the flux components.
Flux Component Analysis
[15] Water vapor (F q ) and carbon dioxide (F c ) fluxes from vegetated surfaces comprise separate components that cannot be isolated using standard eddy covariance techniques. These basic components are
where the overbar represents temporal averaging and the primes represent departures from the mean values using Reynolds averaging (e.g., q 0 = q À q). Using water vapor as an example, the fluctuating term q 0 is impacted by fluctuations associated with the transpiration flux as well as fluctuations associated with the direct evaporation flux. Because the sources of these fluxes are not identical, the influence of these separate components on q 0 is not proportional throughout the averaging time period. We therefore introduce separate variables to account for the departures from the mean quantities:
where q t 0 and q e 0 are the components of q 0 associated with the transpiration and direct evaporation fluxes, respectively, and c p 0 and c r 0 are the components of c 0 associated with the photosynthesis and respiration fluxes, respectively. Figure 1 is a schematic diagram showing the mean vertical profiles of these individual components, with turbulent transport contributing to the fluctuations.
[16] The stomatal exchange components are linked by water use efficiency, WUE, of the vegetation according to
where it follows that the standard deviations (s) and variances (s 2 ) for these components are related by
Note that WUE, which applies exclusively to the stomatal fluxes, is distinct from the ecosystem water use efficiency (WUE e ) defined earlier, which comprises both the stomatal and nonstomatal fluxes. The components of the total water vapor and carbon dioxide fluxes can be expressed in covariance form:
Since only q 0 and c 0 , and not the individual components, can be detected with the infrared gas analyzer, some additional considerations are required to estimate the flux terms.
[17] We assume that the transfer efficiencies of the stomatal-derived scalars (i.e., r w,q t and r w,cp ) are greater than the efficiencies of the nonstomatal scalars (i.e., r w,q e and r w,c r ), because of the sources for the latter being primarily situated in the subcanopy air space. Therefore, according to and Bink and Meesters [1997] , we can make the following estimations:
Figure 1. Schematic diagram showing mean vertical profiles of q and c during daytime conditions. The influence of transpiration (q t ) and direct evaporation (q e ) on the mean profile of q is shown, together with the influence of photosynthesis (c p ) and respiration (c r ) on the mean profile of c.
[18] An assumption of flux variance similarity between the stomatal-derived variables (q t 0 and c p 0 ) and between the nonstomatal variables (q e 0 and c r 0 ) implies the following:
[19] We next examine the variances of the measured concentration time series, with components that are not independent:
[20] Substituting (8), (10), and (11c) into (12), results in 
Noting the quadratic forms of (13), we can solve for w 0 q 0 e =w 0 q 0 t and w 0 c 0 r =w 0 c 0 p . By rearranging (9), we get
Since WUE = w 0 c 0 p =w 0 q 0 t , we are able to combine (14a) and (14b) into one equation, giving 
[22] Using the modeled relationships between s c p 2 and r c p , c r , we apply (12b) to calculate the corresponding values of s c r 2 as a first step in deriving the modeled r q,c . The correlation between q and c can be expressed as 
[24] When (8a) and (11c) are combined with (17), this leads to
which can be solved as function of r c p , c r . Where this modeled r q,c matches the observed r q,c is considered to be (15) the actual r c p , c r for the time series. With r c p , c r thus established, the values of w 0 q 0 t , w 0 q 0 e , w 0 c 0 p , and w 0 c 0 r are defined.
[25] To summarize the steps involved in the fluxpartitioning procedure, relationships between s c p 2 and r c p , c r are first established from (15). Next, individual flux components (w 0 q 0 t , w 0 q 0 e , w 0 c 0 p , and w 0 c 0 r ) are calculated from (13) and (14) as a function of r c p , c r . Only physically meaningful values of these components are considered (i.e., evaporation and respiration fluxes must be positive, while photosynthesis fluxes must be negative). Finally, r c p , c r is determined from (18), with s c r 2 defined from (12b), thereby yielding the actual values of the flux components. A demonstration of these steps applied to actual data is shown in section 3. We test this theoretical construct by applying it to eddy covariance data Variables such as (b) available energy (R n À G) and (c) wind speed and direction were similar for the 2 days, but the rainfall resulted in (d) reduced sensible heat flux (H), (e) increased latent heat flux (LE), (f) decreased net carbon dioxide uptake (F c ), and (g) degraded correlation between water vapor and carbon dioxide (r c,q ) during the daytime (unshaded region corresponds to 9:00 A.M. to 5:00 P.M. local time). collected at our field site throughout the prerainfall and postrainfall days.
Results
[26] The 3 April 2006 rainfall exceeded the total amount received during the previous month (Figure 2a) , and the increased water availability had a substantial effect on the surface fluxes and correlation between q and c. The current analysis focuses on the contrasting conditions for the prerainfall day (2 April) and the postrainfall day (4 April). Forcing variables for these 2 days were similar, with available energy (R n À G, where R n is net radiation and G is soil heat flux) and wind speed and direction exhibiting similar behavior (Figure 2b and 2c) . Surface fluxes, however, differed following the pulse of rainfall as the sensible heat flux (H) decreased (Figure 2d) , the latent heat flux (LE) increased (Figure 2e) , and the net carbon flux (F c ) indicated that the surface became less of a sink (Figure 2f ). Correlations between q and c were also altered (Figure 2g) , with the dry conditions having daytime r q,c values of close to À1 and the wet conditions having values ranging between À0.36 and À0.92. Further analysis of the high-frequency time series is needed to establish why r q,c becomes more degraded during the wet conditions.
Time Series Analysis
[27] Wavelet analysis was applied to the half-hour time series collected during the daytime (between 9:00 A.M. and 5:00 P.M. local time) to characterize how scalar correlations varied with respect to eddy size for contrasting conditions of surface wetness. For water vapor and carbon dioxide (Figure 3a) , the smallest scale eddies had the weakest correlations, while the midrange eddies were closest to Figure 3a has been reduced to more clearly display the bulk of the data, with outliers eliminated from view.
À1. The largest eddy scales, which consisted of only two wavelet coefficients each for q and c, were dominated by perfectly negative correlations during the dry conditions but were divided approximately equally between perfectly positive and negative correlations for the wet conditions (the positive correlations with values of +1 are not shown in Figure 3a because of the limited y axis range). Although some overlap does exist, the q-c correlations for the wet conditions are generally more degraded than those for the dry conditions across the full range of eddy scales. Correlations between vertical wind speed and scalar concentrations, shown in Figures 3b and 3c for water vapor and carbon dioxide respectively, are close to zero at the smallest scales and increase in magnitude with increasing scale. These transfer efficiencies differ most notably for the midsized eddies, where both q and c are inferred to be transported more efficiently during dry conditions.
[28] An alternative and perhaps more illustrative way of examining how r q,c varies with respect to scale makes use of the ability of wavelet analysis to reconstruct time series by superimposing the information associated with each scale m. Starting at the smallest scale (highest frequency), we evaluate the q-c correlation by progressively adding on larger and larger scale information (Figure 4) . On the basis of this analysis, it is apparent that q-c correlations observed during the wet conditions were more likely to be heavily influenced by large-scale eddies. Processes such as entrainment or nonstationarity that operate at these scales introduced positive correlations that degraded the overall relationship between these scalars.
[29] Joint transport of water vapor and carbon dioxide can also be quantified by means of the ecosystem water use efficiency (WUE e ), shown in Figure 5 for the range of eddy scales. WUE e remains remarkably stable across the range of eddy sizes for both the wet and dry days. The greatest overall variability in WUE e , independent of scale, was observed for the dry day, in which the vapor pressure deficit of the air varied significantly during the daytime hours. Recall that WUE e represents the ratio of the total carbon dioxide and water vapor fluxes, which include the individual components given in (5). Increases in respiration, direct evaporation, or both would have the net effect of reducing the magnitude of WUE e , which is consistent with the observed response for the transition from dry to wet conditions.
[30] A final measure used to characterize the differences between the dry and wet conditions is the ratio of transfer efficiencies for water vapor and carbon dioxide. As shown in Figure 6 , carbon dioxide is transferred less efficiently than water vapor over the range of eddy sizes (i.e., jr w,c / r w,q j < 1). Following the arrival of rainfall, this effect is enhanced. Eddy scale also has an influence on the relative transfer efficiencies, with carbon dioxide being transferred much less efficiently than water vapor at submeter eddy scales.
Flux Component Analysis
[31] As demonstrated in the previous section, large-scale eddies can significantly influence the measured values of r q,c (Figure 4 ), but they typically do not contribute a large portion to the overall flux (Figure 7) . Therefore, in implementing the flux component analysis outlined in section 2.2.2, wavelets are used to remove the large-scale information, thereby reducing the potential impacts of entrainment, nonstationarity, or both on the time series. If no solution is attained when the flux-partitioning procedure is applied to the measured time series, then we progressively remove the largest scales from these time series until a valid solution is reached. The general approach for removing the low-frequency information is similar to that described by Vickers and Mahrt [2003] . We recover the originally measured fluxes, w 0 q 0 and w 0 c 0 , by assuming that the ''missing'' portion of the fluxes (due to its removal by the high-pass wavelet filtering procedure) has a composition that is proportional to that determined from the remainder of the data. We note that in applying this method to other settings such as forests or corn crops, where canopies are much taller than those of the present study, potential asymmetries involved in the transport mechanisms associated with the various eddy sizes places a limitation on the scale for which this assumption is appropriate. (18) and is compared to the observed value of r q,c , as in Figure 8d . Where these are equivalent establishes the value of r c p , c r and identifies the values of w 0 q 0 t , w 0 q 0 e , w 0 c 0 p , and w 0 c 0 r . [33] We applied this method to high-frequency time series that were collected during the daytime hours on 2 April and 4 April 2006. Figure 9 shows the results of the flux separations, in which the vegetation WUE was given some flexibility by allowing the estimated foliage temperature to vary within ±2°C of the measured air temperature. No solution was attained for seven of the half-hour periods, all during wet conditions (23.4% of the total periods). On the basis of the results, direct evaporation is estimated to be fairly minimal on 2 April following the lengthy dry-down period. After the rainfall event, the direct evaporation accounts for a much larger portion of the water vapor flux. As for the carbon dioxide, the estimated daytime respiration flux on 2 April is slightly higher than that estimated from the nighttime measurements. Following the rainfall pulse the respiration flux became higher while photosynthesis remained relatively similar between the dry and wet days. The impact of the WUE uncertainty is more pronounced for the carbon dioxide flux partitioning compared to that for the water vapor fluxes (vertical bars showing the range of solutions did not extend beyond the symbols used for the direct evaporation fluxes).
4. Discussion 4.1. Large-Scale Effects on r q,c
[34] Atmospheric-forcing conditions were similar for the 2 days examined in this analysis, while the surface fluxes were predictably altered as a result of the rainfall pulse. Correlations between q and c also differed between the dry and wet conditions, as r q,c became degraded following the rainfall. This alteration in r q,c could be caused by a number of factors, and by decomposing r q,c with respect to spatial scale as in Figures 3 and 4 , the processes that are responsible for determining q-c correlation may be clarified. Particularly apparent from the analysis shown in Figure 4 is that large-scale processes play a prominent role in determining the final values of r q,c for the postrainfall day.
[35] Large-scale atmospheric processes are impacted by the transition from dry to wet conditions through associated changes in surface fluxes. The observed reduction in the Bowen ratio following the rainfall would be expected to lead to reduced atmospheric boundary layer (ABL) growth and to lessen the magnitude of entrainment fluxes. The Figure 7 . Flux fractions with respect to eddy scale for water vapor and carbon dioxide fluxes. As illustrated by this typical half-hour period, large-scale eddies contribute a small portion to the overall flux despite being potentially important for determining the value of r q,c . effect of the entrainment on q-c correlation, however, is not straightforward. Unlike water vapor, which is consistently less abundant in the free troposphere, carbon dioxide may have either higher or lower concentrations compared to those found in the underlying mixed layer [de Arellano et al., 2004] (Figure 1) . Therefore, the imprint of entrainment fluxes on r q,c has the potential of either strengthening or degrading the negative correlation.
[36] With regard to our measurements, the following is a plausible scenario for the effects of entrainment on the observed r q,c . Over the days leading up to 2 April, the surface was a sink for carbon dioxide, contributing to its reduced concentration within the mixed ABL (during the daytime, measured c near the surface was 708.2 ± 5.1 mg m
À3
). Air entrained from the overlying troposphere would be both dry and enriched in carbon dioxide relative to the ABL. The negative correlation between q and c from this source would reinforce the negative correlation imposed by the surface fluxes, leading to minimal impact of the large-scale eddies on r q,c . Frontal systems such as the one experienced on 3 April have the effect of rapidly mixing the carbon dioxide in the ABL with free troposphere [Hurwitz et al., 2004] and could ultimately lead to a reversal in the relative enrichment of carbon dioxide within the two layers. Thus, while the entrainment fluxes may have indeed been reduced during the wet conditions Figure 8 . Example of the method used to determine the separate components of the water vapor and carbon dioxide fluxes. (a) The relationship between s c p 2 and r c p , c r is determined, yielding components of (b) the carbon dioxide flux and (c) the water vapor flux. Only valid values are shown. Also calculated is (d) r c,q , which is compared to the observed value of r c,q to infer r c p , q r . Once established, the individual flux components are defined (shown as crosses). Gaps in the relationships are due to the absence of real values yielded by the numerical solution of (15). The flowchart to the right describes the individual steps used in the flux-partitioning procedure. on 4 April, air entrained from the troposphere may have contributed a positive r q,c signature due to c having a lower concentration than that for the ABL on that particular day (when c at the surface had increased to 762.9 ± 5.8 mg m À3 ). Inconsistent c-q correlations associated with entrainment make its impact difficult to generalize, as agreement with MOST predictions has been shown to be enhanced during wet conditions in semiarid settings [Moene et al., 2006; Detto et al., 2008] .
[37] Another potential mechanism by which r q,c can be degraded as a consequence of large-scale influences is nonsteadiness in the scalar time series. Originally articulated as a cause for dissimilarity between heat and water vapor eddy diffusivities [McNaughton and Laubach, 1998 ], this arises as a result of the development of an internal boundary layer where there is large-scale heterogeneity. Such largescale, nonlocal effects are not likely to be too significant for the days chosen for our analysis, however. Although the flux tower was located about 1.2 km away from open water to the east where a lagoon separates the mainland from the barrier islands, the wind direction was consistently from the west where there is approximately 16 km of similar surface cover. Furthermore, it is difficult to develop a hypothetical construct for this process in a manner that can account for the enhancement of this effect on r q,c during the transition from dry to wet conditions, and can account for its persistence over the course of the wet day. A certain amount of speculation is required with regard to whether the degradation of r q,c following the rainfall is due to the effects of entrainment or nonstationarity, but these large-scale processes are clearly distinct from the surface-level processes through decomposing the correlations according to scale.
Landscape-Level Effects on r q,c
[38] Surface heterogeneity degrades r q,c associated with the smaller eddy scales, whether this is horizontal heterogeneity in vegetation density [e.g., Andreas et al., 1998] or vertical heterogeneity in the source/sink distribution [e.g., Scanlon and Albertson, 2001 ]. For hypothetical conditions in which only the stomatal components of the fluxes are active (i.e., transpiration and photosynthesis), neither of these types of heterogeneity would lead to a degradation of r q,c . With the addition of nonstomatal fluxes (i.e., direct evaporation and respiration), r q,c becomes degraded as a consequence of nonidentical spatial variability of the surface flux components (in a horizontal sense) or nonidentical source/sink distributions (in a vertical sense), with the stomatal components associated with the vegetation surfaces and the nonstomatal components primarily derived from the soil.
[39] Degraded q-c correlations are observed for submeter scale eddies (Figure 3a and Figure 4) , which are potentially Figure 9 . Water vapor and carbon dioxide fluxes, together with their estimated components derived from flux-variance similarity theory and correlation analysis. Vertical bars represent the range of solutions attained when foliage temperature (T L ) was allowed to vary within ±2°C of the measured air temperature (T a ).
impacted by the vertical source/sink distributions within the canopy. The imprint of this smallest spatial scale on water vapor and carbon dioxide transport is also seen for the ratio of their transport efficiencies ( Figure 6 ). Water vapor is, in general, transferred more efficiently since both flux components have positive correlations with the vertical wind speed. This is in contrast to the components of the carbon dioxide flux, which have conflicting correlations. Submeter eddy diameters are associated with the source/ sink distributions of the scalars, thereby accentuating the differences in their relative transport efficiencies at this scale. Evidence that horizontal heterogeneity in the surface fluxes of water vapor and carbon dioxide does not play a major role in influencing r q,c comes from the ecosystem water use efficiency, WUE e , which lacks scalewise variation across the range of landscape-scale eddies ( Figure 5 ). Despite the presence of the lawn accounting for variable portions of the flux footprint, the WUE e associated with the smaller-sized scales potentially influenced this surface are similar to those that are representative of the larger landscape, dominated by the agricultural fields.
[40] The consistent departure of r q,c away from À1 following the rainfall (Figure 2g ) cannot be attributed solely to large-scale influences, as r q,c was also found to be relatively degraded for the small-to intermediate-scale eddies during these wet conditions (Figure 3a and Figure 4) . Both respiration and bare soil evaporation fluxes are plausibly enhanced on this day, leading to greater buildup of air enriched in q and c within the subcanopy airspace. Transport of these fluxes involves additional resistances associated with movement from the soil to the subcanopy and beyond [Shuttleworth and Wallace, 1985; Massman, 1992] , which leads to decoupling of these nonstomatal components from the stomatal components of the surface fluxes. Enhanced respiration and bare soil evaporation would have the effect of degrading r q,c at these smallest eddy scales. Differences in r q,c between dry and wet conditions are also evident at intermediate scales, perhaps due to cascading effects from the larger-scale eddies that have positive q-c correlations.
Flux Partitioning
[41] While the wavelet analysis provides a general sense of how surface wetness affects the land-atmosphere exchange, the method outlined in section 2.2.2 provides a quantitative means by which to estimate the separate contributions to the fluxes. The mathematical intricacies involved in this approach belie its conceptual simplicity; just two main assumptions are required in its application. The first of these is that the stomatal flux components obey flux variance similarity (i.e., r q t , c p = À1), in which the vegetation is compositionally uniform (i.e., WUE is the same for all the vegetation within the sensor footprint). The assumption of flux variance similarity for q t and c p is robust and would hold even for spatially heterogeneity in vegetation density, provided since the source/sinks for these components are identical. The second assumption is that the nonstomatal flux components also obey flux variance similarity (i.e., r q e , c r = +1). This assumption is more tenuous, but certain considerations do provide support for its adoption. In a vertical sense, the sources of the nonstomatal fluxes are primarily within the soils or subcanopy, and their transport is strongly controlled by aerodynamic processes that vent the subcanopy air space. In a horizontal sense, their spatial distributions may be similar because of the positive relationship between soil microbial respiration and soil moisture (and therefore soil evaporation) [e.g., Fang and Moncrieff, 1999] , the two most significant portions of the nonstomatal fluxes. Separate assumptions of flux variance similarity for the stomatal and nonstomatal flux components provide the basis for this technique, in which the large-scale effects on the turbulent time series may be removed though wavelet-based filtering. Data requirements for this method are modest: All that is needed are high-frequency time series for w, q, and c and knowledge of how WUE varies as a function of vapor pressure deficit for the vegetation over which the measurements are collected.
[42] An example application of this method is shown in Figure 9 for the contrasting dry and wet days. The results of the analysis appear to be reasonable, with increases in direct evaporation and respiration coinciding with the arrival of the wet conditions. Average fluxes for the daytime values are shown in Figure 10 , in which the missing half-hour fluxes were estimated through linear interpolation between the preceding and subsequent values. A somewhat counterintuitive result is the decrease in transpiration for the wet conditions compared to the dry conditions (Figure 10 ). This can be explained by the fact that evapotranspiration is limited, in part, by available energy, so the increased direct evaporation for the wet surface comes at the expense of transpiration from the vegetation. The net carbon flux has no such energy limitation, as the respiration component is essentially unbounded. Photosynthesis is tied to transpiration through WUE, which in this example has increased after the rainfall because of a reduction in the vapor pressure deficit.
[43] As demonstrated in the example, this method for estimating the separate contributions to the fluxes could be a useful tool for interpreting measurements and improving models of water vapor and carbon dioxide exchange between the land surface and the atmosphere. Existing procedures for handing direct evaporation within soilvegetation-atmosphere transfer (SVAT) models, in particular, are relatively crude and are especially unsatisfactory when it comes to partitioning the direct evaporation and transpiration fluxes following rainfall events. Further applications of this separation technique to field data will help improve such models. Future steps will also include verifying the results obtained by this method with independent estimates derived, for example, from oxygen [e.g., Lee et al., 2005] or carbon [e.g., Bowling et al., 2001; Zhang et al., 2006] isotopic approaches that are now being used to generate the same flux-partitioning information.
Conclusions
[44] Correlations between q and c high-frequency time series are influenced by surface-level exchange process as well as large-scale influences such as entrainment or nonstationarity. Spectral analysis provides information about the relative influence of these factors on r q,c . For our field site, we found that large-scales processes (most likely entrainment) had a significant influence on r q,c following a rainfall event, but were fairly inconsequential on the dry day that preceded the rainfall. This contrast may have been caused by alterations to the tropospheric carbon dioxide concentrations triggered by the passage of the frontal system associated with the rainfall. More highly degraded values of r q,c at small eddy scales were observed on the wet day, which is consistent with increased contributions to the water vapor and carbon dioxide fluxes from the nonstomatal components of these fluxes. Direct evaporation and respiration both have sources that are primarily from the soil or subcanopy, which results in their less-efficient transfer relative to the stomatal components of the fluxes, transpiration and photosynthesis.
[45] We present a new method that uses r q,c to quantify the separate contributions to these fluxes. This method assumes flux variance similarity separately for the stomatal and nonstomatal fluxes and requires some knowledge of how WUE varies with respect to vapor pressure deficit. Applied to measured data, this separation technique yielded plausible estimates for the components of the half-hour fluxes. Direct evaporation and respiration both increased over the transition from dry to wet conditions, but transpiration decreased, apparently as a result of energy limitation on the total evapotranspiration. Results of this initial analysis are encouraging and represent a proof of concept that flux variance similarity theory can be adapted to separate land-atmosphere fluxes into individual components. This method has certain advantages with respect to existing techniques that have been used for this purpose. For example, the measurement footprints for the individual flux components essentially overlap, unlike approaches that combine eddy covariance fluxes with chamber measurements. Also, the experimental setup is no different from that of traditional eddy covariance measurements. overestimation of T L . Instead, we approximated the T L as being within ±2°C of the measured air temperature, T a . This provided some flexibility for WUE, which when implemented in the flux-partitioning procedure was considered to be constant in time throughout each half-hour time period.
